An important part in robustness evaluation of production processes is the identification of shape deviations. A systematic approach is typically based on the numerical evaluation of a DoE and the application of metamodels. They provide knowledge on solver noise and sensitivities of individual model parameters. This article presents the sensitivity analysis workflow of a linked deep drawing and joining process chain. LS-DYNA ® , optiSLang and SoS is used. The challenge is to separate simulative from process and material parameters of AA 6014. Spatial quantities like variations in geometry, thinning and strain have to be considered in the next process steps. At the same time the number of required virtual CAE model evaluations must be limited. The solution is based on nonlinear metamodels and random fields.
Introduction
Due to increasing customer requirements regarding the features of both manufactured parts and assemblies, production processes have to be robust during product life cycles. Therefore, car manufactures pay attention to produce add-on parts of highly dimensional accuracy and especially body-in-whites with equal gap dimensions [1] .
In addition to these standards of quality, the necessary production efficiency and flexibility with respect to several product variants lead to a higher complexity of the entire process chain. Each step of the forming and joining process chains of add-on parts results in a shape deviation to the nominal geometry of single and assembled parts [2] . A systematic approach is important to detect shape deviations of freeform faces that have a high relevance in evaluating the dimensional accuracy of assemblies. To take input variations into account (i.e. sheet thickness and process parameters), probabilistic robustness analyses are suitable to quantify their influence on dimensional accuracy.
Whereas the sensitivities of individual model parameters of a deep drawing process are analysed in different publications [3] , the analysis of linked deep drawing and joining process chains shows challenges as a consequence of overlays of input parameters. Furthermore, the number of virtual CAE model evaluations has to be kept minimizing with respect to the product development costs.
At the moment, a holistic method for analysing the robustness of process chains of add-on parts using one FE simulation software is missing. The following approach is an enhancement of the state of the art considering spatial quantities (shape deviation, thinning and strain) in the next process steps.
State of the Art -Random Fields
Random fields are implemented in the Statistics on Structures (SoS) software are effective methods for transferring the spatial quantities of the first to a subsequent second process chain. With the help of cross-correlated fields and the generation of random geometries between two process chains, the significance of statistical field properties can be estimated and evaluated [4] .
Discrete geometries and result quantities of a process chain can be approximated by a random field. Subsequently computing the eigenvalues of the correlation matrix of nodal coordinate deviations, with the eigenvectors or "scatter shapes" represents their spatial correlation. Although the outcome of a probabilistic forming simulation is random for all elements, the variations of result quantities can be described through a small number of random parameters known as "random field amplitudes". These parameters are reused to generate new field variations in subsequent process steps. The advantage of using scatter shapes and random field amplitudes is to describe the variations/distribution of spatial result quantities and the opportunity to detect significant input factors in part regions [5] .
State of the art scalar numbers are used to perform and analyze both robustness analyses and optimization approaches. By contrast, random fields have exact scalar values for each point in space and time. The associated field function H in space x is defined with random model parameters p:
The investigated statistics of the random fields H (mean value, standard deviation) depend on the local area and are defined in equation (2) [6] .
Mean value: ̅ ( ) = [ ( )]
Standard deviation:
Methods and Setup for the Robustness Evaluation

Investigated Steps of the Forming and Joining Process Chain of the S-rail Specimen
In order to demonstrate the determination of the robustness of influence factors on the shape deviation after different forming and joining steps, the specimen S-rail were chosen [7] . The simulations are all performed with the FE solver LS-DYNA. The experimental setup and the validation of forming simulations with this specimen were part of recent benchmarks of the Numisheet 2008 conference. Additionally to previous investigations, both a laser cutting operation and the subsequent steps of a joining process chain are performed: clamping, joining and springback of the joined assembly (see figure 1 ). Sheet thicknesses, strains and stress results of single parts can be compared both to the results of the assembly, and, after each process step of the linked forming and joining process chain.
The assembly consists of two parts: upper parts (laser-cut S-rail) and plane plates with a nominal sheet thickness t 0 of 1.0 mm. The upper part is cut to a length of 270 mm and a flange length of 33 mm. Furthermore, six clamps (clamping step #1/#2) and eight joints are set and equally distributed on both flange sides, subject to a rule for the clamping/joining sequence: "from inside to parts' outside." 
Investigated Material Parameters and Input Parameters of the Robustness Analysis
In each step of this simulation process chain, the elastic-plastic material behavior of the mild aluminum alloy AA6014 (δ 0 : 132 MPa, M = 6) is included. The material model and the nominal material parameters revert to the von Mises yield criterion and an isotropic material hardening law extrapolated by Vocé. In this study, Barlat YLD 2000 is implemented in the material behavior. Based on the nominal material properties, a variation of the sheet thickness (t 0 = 1.0 mm ± 0.05) of both the upper and the lower single part is used. Due to batch differences of the mechanical properties, a variation of the elastic material behavior (E-modulus: 68420 MPa ± 342) is assumed. Furthermore, the influence of the process parameters variation of the blank-holder force (90 kN ± 1.2) and a deviation of initial plate (x-, y-) positions (± 0.5 mm) on the dimensional accuracy is investigated.
Approaches for Transferring Spatial Quantities between Multiple Process Chain Simulations
Within a linked forming and joining process chain, result quantities like actual sheet thickness, strains and stresses have to be passed between two process steps. In order to analyse the cause-effect relationships of the result quantities, different options of figure 2 are compared. Whereas using robustness analysis option 1 means simulating the whole process chains 200 times, option 2 has the advantage splitting input factors and transferring spatial quantities with random fields. 
Results of the Robustness Analysis of the Simulative Process Chain
Results of the Robustness Analysis of the Forming Process
Using robustness analysis option 2, figure 3 on the left side lists the number of necessary scatter shapes for each result quantity after the forming process. A various number of eigenvectors/scatter shapes is needed to describe each result quantity with appurtenant confidence levels. For using the correlated group of coordinate deviations, strains need five shapes and sheet thickness two shapes. On the right, figure 3 additionally shows the statistical data (mean value) of two selected field quantities -H ̅ (x) of the sheet thickness and the plastic strain of 100 iterations. The spatial distribution of the sheet thickness and its relative frequency indicates that the thinning of the generated upper part is quite normally distributed, with a median about 0.97 mm. Appropriately, the spatial distribution of the plastic strain (uniform distribution) points out the highest values above the highest thickening. 
Result quantity
Results of the Robustness Analysis of the Joining process Compared to the Forming Process
Finally, the part and assembly designers are interested in the most significant influencing parameters on the shape deviation of the single and assembled parts. Therefore, the detected parameters are compared after the forming and joining steps based on the varied parameters of the robustness analysis. Evaluated using the Coefficient of Prognosis (CoP) of the response variable coordinate deviation ∆z, figure 4 contrasts with results of the forming and the joining simulations. The coordinate deviation ∆z is calculated from the mean value of the selected points (11 per flange side) of figure 4. It is found that the most important influence parameters are not the same after the forming and the joining process. At a rate of 66 %, the E-modulus of the outer part exerts the highest influence on the z-deviation of the nominal geometry after the forming process. The fluctuations of the sheet thickness, ∆x-and ∆y plate position exert a minor influence. By contrast, the sheet thickness of the outer part is the input parameter with the highest correlation (78 %) to the final z-deviation of the S-rail assembly. Therefore, the most significant factor in order to improve the dimensional accuracy of the assembly is the variation of the sheet thickness of the outer part. One explanation for this effect is that a comparatively small range of the sheet thickness with a deviation of ± 5 % causes the variation of the shape deviation and stress and strain values (plastic strains) of the formed parts. Higher (lower) stress values of tension-compression conditions results in a higher (lower) material thickening and finally in smaller (higher) shape deviation of formed and assembled parts.
Conclusion
As a consequence, spatial quantities can be analyzed after the forming steps, using random fields. In order to further analyze the cause-effect relationships with respect to spatial quantities, the random field quantities and their statistical data should be investigated after the joining step. They allow the separation of processes and improve the model knowledge and numerical simulation efficiency.
